The enormous complexity of the human brain ultimately derives from a finite set of molecular instructions encoded in the human genome. These instructions can be directly studied by exploring the organization of the brain's transcriptome through systematic analysis of gene coexpression relationships. We analyzed gene coexpression relationships in microarray data generated from specific human brain regions and identified modules of coexpressed genes that correspond to neurons, oligodendrocytes, astrocytes and microglia. These modules provide an initial description of the transcriptional programs that distinguish the major cell classes of the human brain and indicate that cell type-specific information can be obtained from whole brain tissue without isolating homogeneous populations of cells. Other modules corresponded to additional cell types, organelles, synaptic function, gender differences and the subventricular neurogenic niche. We found that subventricular zone astrocytes, which are thought to function as neural stem cells in adults, have a distinct gene expression pattern relative to protoplasmic astrocytes. Our findings provide a new foundation for neurogenetic inquiries by revealing a robust and previously unrecognized organization to the human brain transcriptome.
The enormous complexity of the human brain ultimately derives from a finite set of molecular instructions encoded in the human genome. These instructions can be directly studied by exploring the organization of the brain's transcriptome through systematic analysis of gene coexpression relationships. We analyzed gene coexpression relationships in microarray data generated from specific human brain regions and identified modules of coexpressed genes that correspond to neurons, oligodendrocytes, astrocytes and microglia. These modules provide an initial description of the transcriptional programs that distinguish the major cell classes of the human brain and indicate that cell type-specific information can be obtained from whole brain tissue without isolating homogeneous populations of cells. Other modules corresponded to additional cell types, organelles, synaptic function, gender differences and the subventricular neurogenic niche. We found that subventricular zone astrocytes, which are thought to function as neural stem cells in adults, have a distinct gene expression pattern relative to protoplasmic astrocytes. Our findings provide a new foundation for neurogenetic inquiries by revealing a robust and previously unrecognized organization to the human brain transcriptome.
With genomic data accumulating at an unprecedented rate, biologists are increasingly challenged to understand how specific functions, embodied by specific tissues, emerge from a common set of molecular instructions. Nowhere is this challenge greater than in the brain, whose staggering complexity derives from the abundance and diversity of cell types from which it is comprised 1 . Microarrays have emerged as a powerful tool for exploring the functional identities of tissues by measuring the expression levels for thousands of genes in a single experiment. In the human brain, microarrays have been used to compare gene expression between different regions 2, 3 and pathophysiological states [4] [5] [6] [7] . Although these efforts have yielded numerous biological insights, an integrated framework describing gene expression in the human brain has yet to emerge.
Systems biological approaches predicated on holistic analysis of microarray data have recently begun to elucidate patterns of transcriptome organization across tissues and species [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] . These approaches typically involve identifying groups of genes, or 'modules' , with expression levels that are highly correlated across samples. In contrast to analysis of differential expression, which seeks to compare mean expression levels for individual genes between two or more groups, this strategy seeks to leverage the inherent variability in gene expression that exists among biological samples from a single group to illuminate higher-order relationships among gene products. Characterization of these relationships can, in turn, offer insights into disparate transcriptional programs that are represented in the genome.
We hypothesized that a comprehensive analysis of gene coexpression relationships in normal human brain regions would provide a new window into human brain complexity if the corresponding transcriptomes were reproducibly organized into modules of coexpressed genes with clear functional interpretations. Our goal in this study was to provide an integrated view of transcriptome organization in three human brain regions through detailed exploration of gene coexpression relationships. Using this approach, we determined that the transcriptomes of human cerebral cortex, caudate nucleus and cerebellum possess a rich structure that has not, to the best of our knowledge, been described previously and reflects the underlying cellular composition of brain tissue. The elucidation of this structure has substantial implications for the molecular analysis of brain function in health and disease.
RESULTS

Gene coexpression networks in the human brain
We set out to investigate the organization of the transcriptome in the human brain by applying weighted gene coexpression network analysis (WGCNA) 18 to four microarray data sets generated from 160 human brain control samples. Two cortical data sets were assembled to provide independent validation of gene coexpression relationships across individuals and microarray platforms and two data sets consisting of samples from either caudate nucleus or cerebellum were assembled to enable comparisons across brain regions. Data set 1 (CTX) consisted of 67 samples from 67 individuals representing four cortical areas 4, 6, 7 and data set 2 (CTX_95) consisted of 42 samples from 32 individuals representing six cortical areas 2, 5, [19] [20] [21] [22] . Data set 3 (CN) consisted of 27 samples from 27 individuals taken from the head of the caudate nucleus and data set 4 (CB) consisted of 24 samples from 24 individuals taken from cerebellar hemisphere 6 (detailed sample information can be found in Supplementary Table 1 online). All samples from CTX, CN and CB were analyzed using Affymetrix U133A microarrays, whereas samples from CTX_95 were analyzed using Affymetrix U95A/v2 microarrays. To ensure the highest possible level of M1D M12D M19D  M39 M18D M40 M41  M6DM10D  M42 M14D M11DM4D   CB   CN   CTX_95   CTX   M7D M43 M44 M45  M16D  M46 M9D  M15D  M47   M29 M30 M31  M19C  M9C M1C M32 M13C M18C  M33 M34 M35 M36 M8C  M16C  M37 M5C  M15C M38   M20 M21M17B M22 M23 M24 M4B M9B  M16B  M10B  M15B  M25 M8B  M19B  M26  M18B   M2 M3 M4A M5AM6AM7AM8AM9A  M10A M11A M12A M13A M14A M15A  M16A  M17A  M18A Modules from different networks with significant overlap (corrected hypergeometric P o 0.05) were assigned the same color and number, with networks denoted by letters (for example, M9A for CTX, M9B for CTX_95, M9C for CN and M9D for CB). We used 67 samples and 5,549 probe sets for CTX (a), 42 samples and 3,203 probe sets for CTX_95 (b), 27 samples and 4,050 probe sets for CN (c), and 24 samples and 4,029 probe sets for CB (d). Samples from a, c and d were analyzed on Affymetrix U133A microarrays, whereas samples from b were analyzed on Affymetrix U95A/v2 microarrays. A R T I C L E S data quality, rigorous quality control procedures were implemented to eliminate mis-targeted and nonspecific probes on the microarrays before generating expression values 23 , identify and remove outlier samples from the data sets, and carry out additional normalization to remove 'batch effects' introduced by combining data from multiple studies 24 (Methods). We constructed a weighted gene coexpression network for each data set on the basis of the pair-wise Pearson correlations for all expressed genes (for a brief glossary of WGCNA terminology, see Supplementary Methods online). The Pearson correlation matrix for each data set was transformed into a matrix of connection strengths using a power function, which resulted in a 'weighted' network 18 . WGCNA seeks to identify modules of coexpressed genes with high topological overlap, a pair-wise measure that describes the similarity of two genes' coexpression relationships with all other genes in the network 18, 25 . Genes with high topological overlap are therefore highly correlated with the same genes in the network. To test the ability of topological overlap to predict known functional relationships in the human brain, we first asked whether pairs of proteins that physically interact have higher topological overlap in gene coexpression networks than pairs that do not. We obtained a set of 17,540 experimentally validated interacting human protein pairs from EBI (European Bioinformatics Institute)/ IntAct 26 and cross-referenced them with expressed genes in CTX, CN and CB. Mean topological overlap was significantly higher for interacting protein pairs than for randomly selected pairs in each brain region (CTX, P ¼ 9.3 Â 10 -54 ; CN, P ¼ 5.0 Â 10 -79 ; CB, P ¼ 1.9 Â 10 -48 ; Supplementary Fig. 1 online) . These results are consistent with findings in unicellular organisms 27 and constitute the first global evidence that gene coexpression patterns are correlated with protein interactions in the human brain.
For each human brain data set, modules of coexpressed genes were identified by unsupervised hierarchical clustering on the basis of topological overlap (see Methods and refs. 15,18 for additional details regarding network construction and module identification). We identified 19 modules in CTX, 17 modules in CTX_95, 23 modules in CN and 22 modules in CB ( Fig. 1 and Supplementary  Fig. 2 online) . To determine whether modules from different networks were composed of the same genes, we calculated the overlap and corresponding hypergeometric probability for each possible pair of modules (Supplementary Table 2 online). The majority of the gene coexpression modules that we identified in cerebral cortex were found in both CTX and CTX_95 (Fig. 2) , with the extent of overlap ranging from 36% (module 19 (M19), P ¼ 3.8 Â 10 -4 ) to 87% (M9, P ¼ 1.9 Â 10 -68 ). To provide additional cross-platform validation for these findings, we also analyzed a microarray data set generated from human cerebral cortex samples using Illumina HumanRefseq-8 microarrays 28 (CTX_ILMN). A majority of the gene coexpression modules that we identified in CTX were found in CTX_ILMN, including 70% of the modules that we found in both CTX and CTX_95 (Supplementary Network Analysis online). These results indicate that the cortical transcriptome is organized into modules of coexpressed genes that are reproducible across individuals and microarray platforms.
Comparisons of gene coexpression modules identified in CTX, CN and CB yielded a somewhat unexpected result: many modules showed significant preservation of gene coexpression relationships across brain regions ( Fig. 2 and Supplementary Table 2) . Indeed, comparisons between CTX and CN indicated that seven modules showed 450% overlap (P ¼ 4.0 Â 10 -18 (high) to P ¼ 4.9 Â 10 -155 (low)), whereas comparisons between CTX and CB indicated that eight modules showed 450% overlap (P ¼ 6.6 Â 10 -18 (high) to Table 2 ).
Module membership is highly consistent
The initial assignment of genes to modules using WGCNA is binary: in a given network, each gene will be assigned to one module or zero modules. In vivo, however, a gene may be expressed in multiple cell types or participate in multiple functional pathways. Therefore, to provide a more complete representation of gene coexpression relationships in each network, we summarized each module with a single representative expression profile, which we refer to as the module eigengene (Methods and Supplementary Fig. 2 ). We then calculated the Pearson correlation between the expression level of each gene on the microarray and each module eigengene. This quantity, which we refer to as a gene's 'module membership' , describes the extent to which a gene conforms to the characteristic expression pattern of a module 29 (initial module assignments (Fig. 1) , complete module membership values and associated P values are reported for all genes in each network in Supplementary Tables 3-6 online).
To explore the reproducibility of module membership for individual genes, we directly compared this quantity between networks for conserved modules (Fig. 3 and Supplementary Fig. 3 online) . Module membership was markedly consistent across networks, indicating that a gene's network position is highly reproducible. Notably, despite the use of different microarrays and samples from different individuals, module membership was highly correlated between CTX and CTX_95 (M9: rho ¼ 0. Table 2 ) warranted further exploration. To begin to characterize these modules in terms of their constituent genes, we plotted the expression levels for the ten genes with the strongest average membership for each of these modules across all four networks (Fig. 4) ; these genes were consistently coexpressed in every network.
Conserved modules are enriched for markers of cell classes
Inspection of the genes with the strongest membership for M9, M15 and M16 (Fig. 4) suggested that these modules consisted of genes that are preferentially expressed in oligodendrocytes, astrocytes and neurons, respectively, relative to other cell types in the brain. For example, several of the genes in M9 are involved in myelination, including MAL, PLLP and PMP22. Genes in M15 include SLC1A3, a glial high-affinity glutamate transporter expressed in astrocytes. In M16, there are several genes with known functions in neuronal cells, including GABRG2 and SYN2. To test this hypothesis, we cross-referenced genes that serve as markers for specific cell classes in the adult mouse brain 30, 31 with all of the modules in each network in an unbiased manner. Comparisons with gene expression data generated from purified cellular populations 30 revealed that M9, M15 and M16 were significantly enriched with markers of oligodendrocytes, astrocytes and neurons, respectively, in every network (P r 4.3 Â 10 -37 , P r 2.5 Â 10 -61 and P r 5.4 Â 10 -5 , respectively; Table 1 and Supplementary Table 7 online). Comparisons with the results of genome-wide in situ hybridization experiments from the Allen Brain Atlas 31 revealed that M9, M15 and M16 were significantly enriched with markers of oligodendrocytes, astrocytes and neurons, respectively, in every network (P r 1.1 Â 10 -27 , P r 7.2 Â 10 -9 and P r 0.041, respectively; Table 1 and Supplementary Table 7 ). For each module, the correlation (Spearman) between module membership for CTX and CTX_95, CTX and CN, and CTX and CB was assessed. Module membership was correlated for the intersection of all probe sets or genes used to construct the networks depicted in Figure 1 (CTX versus CTX_95, 1,805 genes; CTX versus CN, 2,542 probe sets; CTX versus CB, 2,374 probe sets). C11orf9  PMP22  HSPA2   ENPP2  NPC1  TF  CRYAB  PRRG1   SOX9  SLC1A3  TP53BP2  NTRK2  PPAP2B   TUBB2B  PON2  AHCYL1  SDC4  EDG1   ANK2  GABRG2  YWHAZ  RAB5A  SYN2   MAPK1  FGF12  NUDT21  DNM1L  PITPNA   MAL  PLLP  C11orf9  PMP22  HSPA2   ENPP2  NPC1  TF  CRYAB  PRRG1   SOX9  SLC1A3  TP53BP2  NTRK2  PPAP2B   TUBB2B  PON2  AHCYL1  SDC4  EDG1   ANK2  GABRG2  YWHAZ  RAB5A  SYN2   MAPK1  FGF12  NUDT21  DNM1L  PITPNA   MAL  PLLP  C11orf9  PMP22  HSPA2   ENPP2  NPC1  TF  CRYAB  PRRG1   SOX9  SLC1A3  TP53BP2  NTRK2  PPAP2B   TUBB2B  PON2  AHCYL1  SDC4  EDG1   ANK2  GABRG2  YWHAZ  RAB5A  SYN2   MAPK1  FGF12  NUDT21  DNM1L  PITPNA   MAL  PLLP  C11orf9  PMP22  HSPA2   ENPP2  NPC1  TF  CRYAB  PRRG1   SOX9  SLC1A3  TP53BP2  NTRK2  PPAP2B   TUBB2B  PON2  AHCYL1  SDC4  EDG1   ANK2  GABRG2  YWHAZ  RAB5A  SYN2   MAPK1  FGF12  NUDT21  DNM1L PITPNA
a c b Figure 4 Module membership identifies groups of genes that are consistently coexpressed in the human brain. Expression levels of genes with the highest average module membership for M9 (a), M15 (b), and M16 (c) (columns) across all four networks (rows). In each network, module membership was averaged for genes represented by multiple probe sets. Module membership values for all genes were then averaged across all networks (genes that were not represented on both Affymetrix U133A and U95A/v2 microarrays were excluded). Log 2 -transformed expression levels of the top ten genes ranked by average module membership are shown for all samples in each network (gene symbols appear in legends) (similar plots for all modules can be found in Supplementary Fig. 2 ).
To provide additional validation for these findings, we analyzed raw data from a previous study 32 (Methods) to identify genes with higher expression in differentiated rat oligodendrocytes relative to oligodendrocyte precursors. We observed that this group of genes was significantly enriched in M9 in every network (P r 1.4 Â 10 -16 ; Supplementary Table 7) . We obtained a third set of experimentally validated astrocyte markers 33 and observed that this set was significantly enriched in M15 in every network (P r 1.5 Â 10 -8 ; Supplementary Table 7) . Using data from two independent proteomics studies, we searched all modules for over-representation of genes encoding proteins that are preferentially localized to the synapse 34 (Methods). We observed significant enrichment for genes encoding synaptic proteins in M16 in every network (P r 4.7 Â 10 -6 and P r 1.6 Â 10 -3 ; Supplementary Table 7) . Finally, we noted that established markers of oligodendrocytes (for example, PLP1, MAG, OLIG2, MOG, MOBP, CNP), astrocytes (for example, GFAP, GJA1, GLUL, GLUD1, SLC1A2, AQP4) and neurons (for example, MAP2, MAP1B, SYT1, NRXN1, SLC1A1 and NRCAM) were all correctly determined to be significant members of M9, M15 and M16, respectively, in all four networks (Supplementary Tables 3-6 ). These results indicate that M9, M15 and M16 consist of genes that are preferentially expressed in oligodendrocytes, astrocytes and neurons, respectively, relative to other cell types in the brain, and suggest that covariance in these modules is related to the absolute quantities of these cell types that were present in each sample.
The results obtained for M9, M15 and M16 suggested that other modules might distinguish additional cell types or functional elements of the human brain. We set out to characterize other identified modules using five complementary approaches. First, modules were crossreferenced with published data that have been associated with specific cell types or functional systems relevant to the brain 30-37 , as described above (Supplementary Table 7) . Second, modules were searched for commonly used markers of specific cell types with strong evidence of module membership (Supplementary Tables 3-6 and Supplementary  Fig. 4 online). To normalize comparisons across networks, we refer to module membership in terms of its rank (RMM ¼ rank |module membership|). Third, we searched modules for over-represented functional categories of genes using all of the available categorical systems in the EASE software package 38 (Supplementary Table 8 online). Fourth, modules were characterized on the basis of gene expression patterns in the adult mouse brain using the Allen Brain Atlas 31 ( Supplementary  Fig. 5 online) . Fifth, we correlated module eigengenes with available sample information such as cortical area, age or gender. Using these approaches, we identified modules of coexpressed genes with characteristics of PVALB-positive interneurons, Purkinje neurons, microglia and meningeal cells; other modules described mitochondrial, ribosomal and synaptic function, response to hypoxia, and gender differences (Supplementary Note online). We also identified a module consisting of genes that are specifically coexpressed in the subventricular zone (SVZ), one of two regions where neurogenesis is known to persist in the adult brain 39, 40 (see below). In addition, we found that module characterization revealed significant evidence for genomic clustering of coexpressed genes related to glutamatergic synaptic function in human cerebral cortex, particularly on chromosome 19 (P ¼ 3.2 Â 10 -18 (CTX) and P ¼ 1.2 Â 10 -14 (CTX_95); Supplementary Table 8 and Supplementary Note; graphical depictions of all modules from CTX, CN and CB are presented in Supplementary Fig. 4) .
Relationships between modules are highly preserved
The overlap of the modules described above among all networks is depicted in Figure 5 . As seen here, gene coexpression modules do not exist in isolation, but rather comprise a metanetwork whose higher-order structure reflects relationships between modules. To explore the relationships among identified modules within each network, we calculated the Pearson correlation coefficients between all possible pairs of module eigengenes (the resulting 'module eigengene networks' 41 are presented in Supplementary Fig. 6 online) . These results confirm and extend many of the module characterizations described above (Table 1 and Supplementary Note). For example, two modules with characteristics of PVALB-positive interneurons (M6A and M17A) were significantly correlated in CTX (r ¼ 0.57, P ¼ 5.8 Â 10 -7 ; Supplementary Fig. 6 ). In CN, a module of genes coexpressed in the SVZ (M13C; see below and Fig. 6 ) was significantly correlated with a module enriched for astrocyte markers (M15C, r ¼ 0.60, P ¼ 8.4 Â 10 -4 ; Supplementary Fig. 6 ). In both CTX and CB, modules related to synaptic function (M10 and M14) were significantly correlated (r ¼ 0.59, P ¼ 1.3 Â 10 -7 (CTX) and r ¼ 0.58, P ¼ 3.1 Â 10 -3 (CB); Supplementary  Fig. 6 ), as were modules related to synaptic and mitochondrial function (M10 and M7) (r ¼ 0.56, P ¼ 8.9 Â 10 -7 (CTX) and r ¼ 0.62, P ¼ 1.1 Â 10 -3 (CB); Supplementary Fig. 6 ).
In all networks, modules enriched with genes that are preferentially expressed in neurons (M16) and astrocytes (M15) were significantly anti-correlated (r ¼ -0.58, P ¼ 2.6 Â 10 -7 (CTX); r ¼ -0.51, P ¼ 6.0 Â 10 -4 (CTX_95); r ¼ -0.71, P ¼ 2.9 Â 10 -5 (CN); r ¼ -0.52, P ¼ 9.7 Â 10 -3 (CB); Supplementary Fig. 6 ).
To further explore the relationships between cortical gene coexpression modules, we directly compared module eigengene networks for conserved modules that were identified in both CTX and CTX_95 ( Supplementary Fig. 7 online; comparisons between brain regions are presented in Supplementary Fig. 6 ). The overall preservation of the two cortical networks was quite high (mean preservation ¼ 0.87, s.e.m. ¼ 0.014; Supplementary Fig. 7 ). Hierarchical clustering of conserved modules identified three main clusters of meta-modules: one with characteristics of glia, one with properties related to the synapse/cell membrane and one with characteristics of neurons (Supplementary Fig. 7) . These results indicate that the higher-order organization of gene coexpression networks in the human brain is reproducible and reflects functional inter-relationships between modules.
Annotation of gene function by module membership
The consistency of gene coexpression network architecture motivated us to rank genes according to their average module membership across brain regions (Supplementary Table 9 online). Genes with the highest average module membership best conformed to the characteristic expression pattern of their respective module in multiple human brain regions. This analysis can therefore be used to identify genes with a strong likelihood of participation in the specific functions represented by each module. For example, the ten genes with the highest average membership for M9, which was highly enriched with markers of oligodendrocytes ( Table 1) , were PLLP, MAL, HSPA2, TF, GPR37, CNP, ENPP2, FA2H, C11orf9 and ENPP2 (Supplementary Table 9 ). These data predict that C11orf9, which encodes a protein of unknown function, is important for oligodendroglial function in the human brain. The ten genes with the highest average membership for M15, which was highly enriched with markers of astrocytes ( Table 1) , were AHCYL1, AHCYL1, NTRK2, SOX9, PDLIM5, PPAP2B, PLSCR4, TP53BP2, METTL7A and NTRK2 (Supplementary Table 9) . Notably, these genes showed higher average membership than many genes that are considered to be canonical markers of astrocytes, including SLC1A3 (15 th ), GJA1 (17 th ), GLUL (56 th ), and GFAP (82 nd ). The ten genes with the highest average membership for M16, which was enriched with markers of neurons and synaptic proteins (Table 1 and Supplementary  Table 7) , were PREPL, SYNJ1, TPD52, G3BP2, YWHAZ, PAFAH1B1, GABRG2, SCAMP1, ANK2 and GLRB (Supplementary Table 9 ). For some of these genes (for example, PREPL and TPD52), no specific association with neuronal function has previously been reported, to the best of our knowledge.
It was also of interest to identify genes with module membership that differed substantially between brain regions, as such genes may shed light on regional differences involving particular cell types or functional processes in the human brain (genes with the most significant differences in module membership between CTX, CN and CB for M9, M15 and M16 are reported in Supplementary Table 10 online and complete results for all genes and all conserved modules are presented in Supplementary Table 11 online; Methods).
Coexpression in the adult subventricular neurogenic niche
In CN, we observed that M13C was significantly enriched with markers of astrocytes from previous studies (P ¼ 1.9 Â 10 -24 , P ¼ 6.6 Â 10 -8 and P ¼ 1.0 Â 10 -7 from refs. 30,31,33, respectively; Supplementary Table 7 ). These observations were interesting to us, as another, much larger, module with characteristics of astrocytes (M15) had already been identified in every network, including CN (Figs. 2 and 5 , Table 1 , Table 5 ). Also identified in this module was the transcription factor ASCL1 (Supplementary Table 5 ), which is involved in committing multipotent progenitors to a neuronal fate 44 . These observations suggested that M13C has characteristics that are mixed between astrocytes and immature neurons. Such characteristics are thought to exist amongst a heterogeneous population of cells with neurogenic properties in the adult SVZ 39, 40 . Because samples from CN were taken from the head of the caudate nucleus, which includes part of the SVZ, we hypothesized that gene coexpression in this module might relate to adult SVZ neurogenesis and sought experimental validation for this hypothesis on the basis of expression patterns in the brain. We first examined expression patterns in the adult mouse brain for ten genes with the strongest membership for M13C, observing elevated and often exclusive expression in or near the SVZ for all of them ( Supplementary  Fig. 5 ). To provide additional confirmation for these findings, we carried out immunostaining in adult human SVZ for proteins encoded by genes with strong membership for this module (Fig. 6 and Supplementary Table 5 ). All of these genes were preferentially expressed in the SVZ (Fig. 6b,d-k) , providing experimental validation that M13C distinguishes genes that are coexpressed in the adult subventricular neurogenic niche. Although the cellular composition and cytoarchitecture of the adult human SVZ have been extensively characterized 45, 46 , the transcriptional programs that endow this region with its neurogenic properties are poorly understood 39, 40 . In this system, the precise location of neural stem cells is still unknown, but it has been shown that SVZ astrocytes divide 39, 40, 45 , we wanted to identify genes with expression patterns that might distinguish these cells from SVZ astrocytes, as there are no known genes that provide such a distinction in the human brain. We reasoned that comparisons on the basis of module membership can be used to identify genes with expression patterns that distinguish subpopulations of cells in brain regions, and therefore compared membership for M13C with membership for M15, which was highly conserved across brain regions and enriched with markers of astrocytes in every network (Figs. 2 and 5, Table 1 and Supplementary  Table 2 ). This comparison identified genes with strong membership for either M13C or M15, but not both (Supplementary Table 12 online; Methods). The genes with the strongest membership for M13C (SVZ) relative to M15 (astrocyte) included CD24, IQCG, STK38L, CETN2, FLJ22167 and NEK1 (Supplementary Table 12 ). Consistent with these results, CD24 expression was not observed in parenchymal astrocytes in human caudate nucleus (data not shown).
Using the same approach, 20 genes with strong membership for M15 across brain regions and weak membership for M13C were identified (Supplementary Table 12 ). One such gene was ALDH1L1, which was recently identified as a highly specific marker for astrocytes 30 . Consistent with this report, we observed that ALDH1L1 possessed strong membership for M15 in CTX (RMM ¼ 117, P ¼ 5.7 Â 10 -14 ; Supplementary Table 3) , CB (RMM ¼ 72, P ¼ 1.1 Â 10 -6 ; Supplementary Table 6 ) and CN (RMM ¼ 17, P ¼ 4.3 Â 10 -9 ; Supplementary Table 5 ). However, membership of ALDH1L1 for M13C was not significant (RMM ¼ 3,104, P ¼ 0.12; Supplementary Table 5 ), suggesting that this gene is not expressed by astrocytes in the SVZ. To test this hypothesis, we carried out immunostaining for ALDH1L1 in adult human brain. Notably, expression of ALDH1L1 was absent from layer II processes in the SVZ (Fig. 6l) , despite robust staining of astrocytic processes in parenchyma (Fig. 6l) .
These results provide, to the best of our knowledge, the first experimental evidence of differences in gene expression between mature astrocytes and SVZ astrocytes in the adult human brain. Furthermore, our findings indicate that differences in module membership for M13C and M15 can be used to identify gene expression patterns that distinguish these subpopulations of cells, providing an important new set of molecular tools with which to investigate the adult neurogenic niche.
DISCUSSION
We have carried out, to the best of our knowledge, the first comprehensive analysis of gene coexpression relationships in human cerebral cortex, caudate nucleus and cerebellum. Our results demonstrate that the transcriptomes of human brain regions are robustly organized into modules of coexpressed genes that reflect the underlying cellular composition of brain tissue. Notably, these modules were identified without making any a priori assumptions regarding the cellular constitution of the tissues analyzed in this study. The elucidation of gene coexpression network organization in the human brain provides a new foundation for neurogenetic inquiries along two primary avenues. First, the identification and characterization of gene coexpression modules constitutes a valuable new resource for context-specific annotation of gene function in the human brain through the oft-invoked principle of guilt by association. Second, the quantitative assessment of module membership provides a new basis for exploring molecular differences that distinguish specific cell types and functional processes in disease and health.
It should be noted that the organization of the human brain transcriptome described here could not have been revealed by standard methods, such as analysis of differential expression. This analytical approach seeks to identify genes that are expressed, on average, significantly higher or lower in one group versus another, with greater significance being attributed to genes for which the ratio of inter-group to intra-group expression variance is maximized. In our study, each dataset was comprised of a single group consisting of control samples from a specific brain region. In each group, the relative representation of specific cell types or functional processes in each sample was unknown. Therefore, there was no basis for identifying genes that were differentially expressed in these data sets, as there were no groups to compare. Furthermore, because the end result of differential expression analysis is a list of genes, each of which has been deemed significant in isolation, a systems-level understanding of such findings relies exclusively on post hoc analyses to connect individual genes in a broader functional framework. In contrast, analysis of gene coexpression relationships reveals the inherent organization of the transcriptome as the appropriate biological framework in which to consider additional post hoc analyses.
Comparison of CTX and CTX_95 revealed that a majority of gene coexpression modules were present in both cortical networks. A majority of gene coexpression modules identified in CTX were also present in CTX_ILMN. The notable similarity among these networks, constructed from different cortical areas, individuals and microarray platforms, suggests a fundamental organization to the transcriptome of human cerebral cortex that has not previously been recognized. Modules enriched with markers of major cell classes were identified in cerebral cortex, caudate nucleus and cerebellum. The consistent identification of these modules across brain regions suggests that they constitute molecular correlates to the cellular building blocks of the nervous system. Other modules identified in this analysis distinguished additional cell types, including PVALB-positive interneurons, Purkinje neurons and meningeal cells, whereas still others related to mitochondrial, ribosomal and synaptic function, response to hypoxia, gender differences, and the subventricular neurogenic niche. For some modules, the importance of gene coexpression relationships will require further investigation. For example, our results suggest that coexpression in M13A may relate to the migration and assimilation of immature interneurons in adult cerebral cortex. It is interesting to note that the two samples with the highest expression levels for genes in this module were taken from Brodmann area 11. This area includes the gyrus rectus, which forms the medial boundary of the olfactory sulcus and abuts the putative rostral migratory stream that has recently been described in humans 47 .
Several modules were identified in some, but not all, brain regions. For example, M10 and M14, which showed properties related to glutamatergic synaptic function (Supplementary Note), were identified in CTX and CB, but not in CN. This finding is consistent with the predominant neuronal phenotype in each of these brain regions. Pyramidal neurons and granule neurons, which are the most abundant neurons in cerebral cortex and cerebellum, respectively, both release glutamate as their primary neurotransmitter. In contrast, the most abundant neuron in the caudate nucleus is the medium spiny neuron, which releases GABA as its primary neurotransmitter. Other modules with substantial overlap between brain regions suggest shared functional characteristics. For example, the overlap between M6A (CTX) and M6D (CB) implies that PVALB-positive cortical interneurons and Purkinje neurons may share similar elements of transcriptional programs related to inhibitory neurotransmission. It is also interesting to consider the absence of certain modules in specific brain regions. For example, it is not immediately clear why a module related to mitochondrial function (M7) was identified in CTX and CB, but not in CN, or why a module related to ribosomal function (M2) was identified in CTX, but nowhere else. It is possible that these discrepancies may reflect variation in the susceptibility of different brain regions to hypoxia or agonal stress 48 .
The identification and characterization of gene coexpression modules represents a new approach for annotating gene function in the human brain and generating hypotheses related to human disease through the principle of guilt by association. Guilt by association implies that the expression levels of genes with the strongest evidence of membership for the same module are probably driven by the same underlying factors. Seen in this context, our described module memberships (Supplementary Tables 3-6 ) are rich sources of new hypotheses for thousands of genes expressed in the human brain (Supplementary Note). The consistency of gene coexpression network architecture may also be leveraged to identify new candidate disease genes through differential network analysis 15 . By establishing a baseline network for comparison with disease, differences in the strength of module membership can be assessed for all genes relative to all identified modules. In principle, such an approach offers several advantages over the conventional methods used to study neurological or neuropsychiatric disorders. First, differential network analysis can suggest dysregulation at the level of modules, which may implicate specific cell types or functional pathways. Although pre-existing classification systems such as gene ontology 49 are essential tools for microarray studies, these systems currently do not provide adequate context in regards to tissue and cellular specificity of gene expression patterns. In comparison, modules of coexpressed genes that have been identified in an unsupervised fashion in a biological system of interest possess immediate functional relevance. Second, in contrast to studies of differential expression, differential network analysis effectively normalizes gene expression levels relative to their primary source(s) of variance. This practice can help control for sample differences resulting from biological factors (for example, differences in the absolute quantities of specific cell types) and technical factors (for example, differences between dissections or sample quality) that can influence the results of differential expression studies. Third, in comparison with genomic studies, analysis of the transcriptome in affected brain regions is more proximal to function than analysis of DNA sequence.
Comparisons on the basis of module membership can also be used to characterize molecular differences among cell types both between and within neuropathologically normal brain regions. Using this approach, we identified genes with expression patterns that distinguish mature astrocytes in brain parenchyma from germinal astrocytes in the SVZ. The identification of such genes may shed light on the qualities that permit the latter population to maintain their germinal capacity into adulthood.
In microarray studies of whole brain tissue, the measured expression level for any given gene depends on the extent to which it is expressed in different cell types and the representation of those cell types in the tissue sample. Therefore, it is commonly assumed in such studies that cellular heterogeneity precludes the recovery of cell type-specific information. Our analysis points to the opposite conclusion: cellular heterogeneity contributes in measurable and predictable ways to expression levels quantified by microarrays using messenger RNA extracted from whole brain tissue. To the best of our knowledge, this work is the first to provide evidence in support of this claim. However, this claim follows logically from two uncontroversial premises: cell types are distinguished by the genes that they express and the absolute quantity of each cell type will vary from sample to sample. Therefore, the genes that are most specifically and consistently expressed in the same cell type should appear highly correlated in microarray data derived from complex tissue homogenates. For a module consisting of such genes, the module eigengene can be interpreted as a proxy for the relative number of relevant cells present in each sample. Furthermore, a gene's membership for such a module can be seen as a measure of expression fidelity for that particular cell type relative to other cell types that are present in the sample. In this context, it is interesting to consider the potential sources of variation that may influence the quantities of specific cell types in different samples of brain tissue (Supplementary Note).
Although cellular heterogeneity is a major organizing principle in the gene coexpression networks described in this study, we do not expect that every identified module will map unambiguously to a specific cell type in the brain for many reasons. For example, the definition of a cell type using currently available methods is inherently subjective 1 and some modules are likely to constitute tightly integrated functional systems that span multiple cell types. Other modules capture variation in gene expression that is unrelated to cellular composition (for example, M1). Additionally, neuronal diversity in the brain produces a hierarchy of overlapping gene expression patterns, as evidenced by the large number of modules related to neuronal function identified in every network. Although some of these modules may reflect neuronal diversity (for example, M6), others probably represent transcriptional programs that are present in all neurons (for example, M16) or multiple neuronal subtypes (for example, M10 and M14).
Because gene coexpression patterns may reflect multiple sources of variation, comparisons between networks provide an important validation. Although a majority of gene coexpression modules identified in cerebral cortex were present in both CTX and CTX_95, and many of these modules were also present in CTX_ILMN, it is important to consider the potential explanations for observed discrepancies among the cortical networks. Some discrepancies probably resulted from differences in platform and probe set design, as well as the representation of genes on the microarrays, whereas others may have resulted from biological differences between individuals and cortical areas. Although we found few modules of coexpressed genes driven by specific cortical areas (for example, M17B and M23), we cannot exclude the possibility that the batch normalization method applied here may have obscured area-specific gene expression patterns. However, our results are consistent with previous microarray studies that have identified few differences in gene expression between association areas in adult human cortex 2, 3 . Future studies of gene coexpression relationships in discrete cortical areas may shed light on this issue.
In summary, we have carried out, to the best of our knowledge, the first comprehensive analysis of gene coexpression relationships in human cerebral cortex, caudate nucleus and cerebellum. The strategy employed here constitutes a general approach for analyzing gene expression data that will be applicable to a variety of biological systems. Our findings offer a new perspective on the functional organization of the human brain transcriptome.
METHODS
Microarray data. Microarray data from human cerebral cortex, caudate nucleus and cerebellum were gathered from nine published studies 2, [4] [5] [6] [7] [19] [20] [21] [22] 20 are available at http://email.eva.mpg.de/ khaitovi/supl1/affymetrix.html. All of the samples included in this analysis were collected post mortem from control subjects with no known history of neuropathology. CTX, CN and CB samples were analyzed using Affymetrix HG-U133A microarrays (22,215 probe sets), whereas CTX_95 samples were analyzed using Affymetrix HG-U95A/v2 microarrays (12,533 shared probe sets) (for details on microarray data processing, see Supplementary Methods).
Weighted gene coexpression network construction and module detection. For each data set, Pearson correlation coefficients were calculated for all pairwise comparisons of expressed genes (Supplementary Methods) across all samples. The resulting Pearson correlation matrix was transformed into a matrix of connection strengths (that is, an adjacency matrix) using a power function (connection strength ¼ |correlation| b ), which resulted in a weighted network 18 . WGCNA seeks to identify modules of densely interconnected genes by searching for genes with similar patterns of connection strengths, or high topological overlap 18 . As a result of the large number of genes analyzed, we carried out an additional step to enrich each network with genes with high topological overlap, which reduced the number of probe sets in each network to 5,549 (CTX), 3,203 (CTX_95), 4,050 (CN) and 4,029 (CB) (Supplementary Methods). For each data set, we used average linkage hierarchical clustering to group genes on the basis of the topological overlap dissimilarity measure (1 -topological overlap) of their network connection strengths 18 . Using a dynamic tree-cutting algorithm 50 , we identified 19 modules in CTX, 17 in CTX_95, 23 in CN and 22 in CB (Supplementary Methods). Genes that were not assigned to modules were assigned the color gray.
Module comparisons between networks. For each pair of networks, the overlap between all possible pairs of modules was calculated along with the probability of observing such overlap by chance. For comparisons among CTX, CN and CB, probe set identities were used as unique identifiers; for comparisons with CTX_95, gene symbols were used. The significance of module overlap was assessed for each module in a given network with all modules in the comparison network using a one-sided hypergeometric test (as we were interested in testing for over-representation; see Supplementary Methods for an example). To account for multiple comparisons, a Bonferroni correction was applied on the basis of the number of modules in the comparison network. Modules from different networks with significant overlap (corrected hypergeometric P value o 0.05) were assigned the same color and number, with networks denoted by letters (for example, M9A for CTX, M9B for CTX_95, M9C for CN and M9D for CB). If a module showed significant overlap with more than one module from another network, color/number assignment was determined by the lowest P value.
Defining a measure of module membership (k ME ). We derived a measure of module membership by first summarizing the expression levels of all genes in each module by the corresponding module eigengene (that is, the first principal component obtained by singular value decomposition; Supplementary Fig. 2) . We defined the module membership for each gene with respect to each module as the Pearson correlation between the expression level of the gene and the module eigengene 29 . This quantity, which we refer to here as k ME , is a natural summary of the extent to which a gene conforms to the characteristic expression pattern of a module. We note that other summary measures are possible (Supplementary Methods). Values of k ME range from -1 (perfect anticorrelation) to 1 (perfect correlation). For genes represented by multiple probe sets, the highest rank |k ME | (that is, RMM) is reported in the text. We reported the rank of the absolute value of k ME , as expression levels of many genes are often significantly anti-correlated. For CTX, CN and CB, |k ME | ranks ranged from 1 to 18,631; for CTX_95, |k ME | ranks ranged from 1 to 10,553.
Further details on the topological overlap of interacting protein pairs, module characterization, module eigengene network comparisons, comparisons of module membership between brain regions, immunohistochemistry and the identification of candidate genes with expression patterns that distinguish SVZ astrocytes from mature astrocytes are described in Supplementary Methods. For details on analysis of CTX_ILMN, see the Supplementary Network Analysis.
Note: Supplementary information is available on the Nature Neuroscience website.
